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Abstract
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A Data-Driven Approach to Quantifying Perceptions of Drivers in Kenyan
Health Care Quality
by Rebecca YOUNGERMAN
The purpose of this research is to examine the Kenyan health workforce and
cross-cultural perceptions of four key factors related to health care access in
Kenya on a sub-national county level. These factors are government health
funding per capita, quantity of health professionals per person, number of health
facilities per person, and average travel time to health facilities. The perceptions
of different survey populations, well-educated Kenyan citizens and American
professionals, were used to quantify the weight of importance for each factor.
The resulting analysis exemplifies the similarities and variations in perceptions
on influencing factors in Kenyan healthcare delivery. This is prompted by an
effort to quantify and evaluate the United Nation’s Sustainable Development
Goal 3.C, "Substantially increase health financing and the recruitment, devel-
opment, training and retention of the health workforce in developing coun-
tries, especially in least developed countries and small island developing States"
(UN General Assembly, 2015). Results of the analysis, utilizing survey research
methodology, rasterized drive-time analysis, and the Analytical Hierarchy Pro-
cess among other techniques, indicate that priorities for American profession-
als fall most heavily on the travel time to health facilities for Kenyans, while
Kenyan citizens themselves prioritize the quality of government healthcare fa-
cilities above the other factors. The weights of importance calculated for each
factor according to survey responses could lead to varied funding and devel-
opment priorities both in the type of work to be completed and what locations
within Kenya require the most focus.
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11 Introduction
The need for data analytics in healthcare to drive down costs and improve pop-
ulation health is greater than ever (Raghupathi and Raghupathi, 2014). Around
the globe, healthcare systems aremoving towardmore advanced electronic health
records, health information exchanges, and a granular collection of clinical data,
sometimes down to the DNA (Bates et al., 2014). By analyzing more robust
healthcare data, developing counties have greater potential to formulate more
effective systems of health-financing reform and delivery of services (Jee and
Kim, 2013). Reliable health metrics and evaluation will push these improve-
ments forward by quantifying the global health agenda for specific national and
sub-national health environments (Murray and Frenk, 2008).
As a cornerstone of global health evaluation and goal-setting, the Sustain-
able Development Goals (SDGs) from the United Nations have been criticized
for their immeasurability (Yamey, Shretta, and Binka, 2014). The SGDs contain
17 goals, each with their own targets, and each target with their own indicators
(Hák, Janoušková, and Moldan, 2016). The Inter-Agency and Expert Groups
on SDG Indicators developed these indicators and perform annual refinement
in order to give further structure to the goals, relating them to concrete, data-
driven measures (United Nations, 2015). Even with these annual reviews, the
over 300 indicators set forth have been described as providing "diluted guid-
ance at best" (Costanza et al., 2016). The UN has published associated data for
each indicator, but often it is not regularly produced by the countries of interest,
or there is no internationally established methodology or standard for track-
ing indicator progress (Kraak, Ricker, and Engelhardt, 2018). Going beyond the
data, many large-scale SDG progress reports integrate qualitative measures in
order to consider the importance of regional perspectives (Agrawal et al., 2017;
Gounou, 2017; Guzmán and Crowther, 2017; Jaafar and Amer, 2017; Nandi and
Nanda, 2017; Uitto, Todd, and Kohlitz, 2017). SDG progress reports lacking ei-
ther a strong data-driven analysis or an inclusion of local perceptions are often
criticized for bringing an incomplete analysis of goal progress (Van Den Berg,
Naidoo, and Tamandong, 2017).
This paper seeks to answer the research question: How can both data-driven
2measurement strategies and local perspectives be integrated to evaluate sub-
national progress of the Sustainable Development Goals?
In order to address this research question, an in-depth analysis focuses on
quantifying one SDG target on a sub-national level in Kenya. The selected SDG
target is 3.C, “Substantially increase health financing and the recruitment, devel-
opment, training and retention of the health workforce in developing countries,
especially in the least developed countries and small island developing States”
(UN General Assembly, 2015). The specified indicator for this target is "health
worker density and distribution" (UNGeneral Assembly, 2015). Sections 1.1 and
1.2 provide an overview of past work on quantifying SDG progress and back-
ground on the Analytical Hierarchy Process (AHP), a tool selected for integrat-
ing human perceptions in the SDG goal. Section 2 explores the collection and
analysis of relevant Kenyan healthcare data and survey-generated data. Section
3 details the methodology of the AHP and its use in quantifying perceptions
from survey results. Finally, Section 4 provides a discussion and conclusion, in-
cluding possible motivations for differences in Kenyan and American perspec-
tives, as well as findings regarding health inequities within Kenya.
1.1 Literature Review Part 1: Past Work on Quantifying SDG
Progress
Many institutions have previouslyworked to quantify SDG standards and progress
including the International Institute for Environment and Development (IIED),
the World Bank, and the United Nations Development Program (UNDP) (Inter-
national Institute for Environment andDevelopment, 2017; Vaessen andD’Errico,
2018; Van Den Berg, Naidoo, and Tamandong, 2017). Evaluations often focus on
the need for context-specific evaluations (Schwandt et al., 2016), metrics that
are measurable over time (Lucks et al., 2016), and goal criteria considering eco-
nomics, equality, sustainability, cultural and contextual relevance (Schwandt et
al., 2016). With the consideration of these factors, rigorous evaluation of the
progress toward achieving the SDGs are necessary for these goals to be impact-
ful for both policymakers and citizens (Schwandt et al., 2016).
Global SDGs require context-specific evaluation of the level of success in
3meeting a goal (Schwandt et al., 2016). One approach to evaluating a SDG tar-
get is the use of the Participatory Impact Assessment and Learning Approach
(PIALA) (Van Hemelrijck, 2017). The PIALA involves stakeholders who mean-
ingfully engage, learn, and have ownership of goal progress (Van Hemelrijck,
2017). To achieve this, participatory evaluations and project implementations
commonly involve on the ground workshops, stakeholder surveying, and com-
pliance with country-specific policies and goals (De Brucker, Macharis, and Ver-
beke, 2012; Van Hemelrijck, 2017; Independent Evaluation Group, 2018c). Over-
all, this strategy and its successes demonstrated the benefits of the incorpora-
tion of the local perceptions in SDG quantification (De Brucker, Macharis, and
Verbeke, 2012; Independent Evaluation Group, 2018a; Independent Evaluation
Group, 2018c).
Many assessments of country-level goal success in the Evaluation for Agenda
2030 by the UNDP, including those that do not use PIALA, rely on concise and
measurable metrics (Independent Evaluation Group, 2018a; Independent Eval-
uation Group, 2018b; Independent Evaluation Group, 2018c; Van Hemelrijck,
2017). Specific exemplar metrics for several goals in African nations include
improved cross-border transit time in Gambia (Independent Evaluation Group,
2018b), improved percentage of individuals with access to reliable transporta-
tion services in Liberia (Independent Evaluation Group, 2018b), and improved
vocational skills and training for employment in Burkina Faso (Independent
Evaluation Group, 2018a). These country-level metrics are quantified and com-
pared to relative success levels in each nation (Independent Evaluation Group,
2018a; Independent Evaluation Group, 2018b; Independent Evaluation Group,
2018c). These specific metrics that can be tracked over time have the essential
element of allowing for continual evaluation of regional SDG progress (Lucks
et al., 2016).
In addition to country-specific perceptions and measurements, the UN hosts
an open-data platform, the Global SDG Indicator Database, to aid in the quan-
tification of SDG progress through data-driven methods (United Nations, 2019).
This database categorizes the indicator data into three tiers with the most coher-
ent data sets labeled as Tier I indicators (United Nations, 2019). These 93 Tier 1
indicator datasets are the only of the 232 indicators that are usable globally, but
often still contain gaps of entire countries without data and lacking standards
4for indicator methodology (Kraak, Ricker, and Engelhardt, 2018). While many
publications have used this data source to quantitatively measure SDG progress,
they have also supplemented it with additional, more context-specific data and
have noted the limitations of the Global SDG Indicator Database (Hering, 2017;
Hobbs et al., 2017; Pradhan et al., 2017).
Past work on quantifying SDGprogress also describe the need for sub-national
level evaluations (De Brucker, Macharis, and Verbeke, 2012; Hunt, 2015). Health
inequities within countries can be vast, and must be considered when evaluat-
ing how well a country meets a Sustainable Development Goal target (World
Health Organization, 2016). Agyepong et al., 2017 describe these sub-national
health inequities with an example of under-5 mortality in Ghana ranging from
50 per 1000 live births to 142 per 1000 live births in different regions. In Kenya,
past SDG progress evaluations have found stark differences in the health cov-
erage and outcomes of poor and rich Kenyans (Barasa, Nguhiu, and McIntyre,
2018), those living in urban and rural areas (Nguhiu, Barasa, and Chuma, 2017),
and those with varying rates of maternal literacy (Keats et al., 2018). Without
sub-national evaluation of SDG progress, the social determinants of health that
impact disparate regions of every nation cannot be quantified (Donkin et al.,
2017; Golding et al., 2017).
Throughout past work on the quantification of SDG progress, there has been
an emphasis on the need for both measurable standards (Lucks et al., 2016;
Schwandt et al., 2016) and the integration of local perspectives (De Brucker,
Macharis, andVerbeke, 2012; Independent EvaluationGroup, 2018c; VanHemel-
rijck, 2017). These measurable factors must also be robust, with the data describ-
ing all elements of a target and considering sub-national disparities (Donkin et
al., 2017; Golding et al., 2017). This paper seeks to address each of these needs to
create a holistic quantification of SDG progress through an analysis of multiple
influencing factors and the integration of the AHP to bring local perspectives
into a quantitative evaluation.
51.2 Literature Review Part 2: AHP-based Approaches to Quan-
tifying Human Preferences
Incorporating human perceptions in a quantitative analysis is challenging (Sale,
Lohfeld, and Brazil, 2002; Teddlie and Tashakkori, 2009). The Analytical Hier-
archy Process (AHP), developed by Saaty, 1977, provides one possible route to
better exploring the preferences of local populations. In order to quantify soci-
etal perceptions of complex decisions with multiple criteria, the AHP uses de-
cision elements, which can be qualitative or quantitative (Ananda and Herath,
2003; Varis, 1989). Through surveying, local populations indicate the relative
importance or preference of each factor (Ananda and Herath, 2003). For exam-
ple, individuals may be presented with the question, "How much do you like
to wear each of the following colors?" and give a ranking from 1 to 9 for the
colors blue, yellow, red, and green. The population’s responses are then used
for pairwise factor comparisons, resulting in a final weighting of importance
or preferences for each element (in this case, each color) that can be utilized in
further analysis (Kurttila et al., 2000).
The AHP has been widely popular in consumer-based perception analyses
for studies on the impact of environmentally-friendly transportation (Awasthi
and Chauhan, 2011), corporate contractor selection (Handfield et al., 2002), and
the evaluation of supply chain management (Bhagwat and Sharma, 2007). Al-
though many of the applications of this perception-driven approach are seen in
the corporate sector, there has been an increase in its popularity in medical and
health care decision making since 1997 as well (Liberatore and Nydick, 2008).
The AHP allows for inconsistency in judgment, intensity scales for varying cri-
terion, and a useful comparison of magnitude that can aid in a group decision
support process (GDSP) (Liberatore and Nydick, 2008).
Specific health-related applications of the AHP have spanned project and
technology evaluation and selection, human resources planning, health care
evaluation and policy, and more clinical contexts including diagnosis, patient
participation, therapy/treatment selection, and organ transplantation (Libera-
tore and Nydick, 2008). In one pairwise comparison of hospital performance
factors, two hospitals in Barbados and India were analyzed (Dey et al., 2004).
6These hospitals were in areas where hospital systems were generating poor pa-
tient outcomes (Dey et al., 2004). For this analysis, questionnaires were used to
deduce the most important evaluation factors and to quickly improve hospital
performance yielding geographically and culturally specific recommendations
for improvement (Dey et al., 2004). In another study, the AHP was used for
project evaluation to gather perceptions on the appropriateness of computer-
based technologies in the healthcare systems of developing countries (Kahen
and Sayers, 1997). The assessment of technology transferability considered both
the perceptions of health care technology experts and those with expertise in
socio-economic development (Kahen and Sayers, 1997). Health care goal-setting
studies have also used the AHP to gather information on the importance of de-
velopment factors like budget allocation, project implementation, information
management, network construction, hospital conditions, and human resource
allocation (Ahsan and Bartlema, 2004; Hannan, O’Donnell, and Freedland, 1981;
Lee and Kwak, 1999). In many cases, the results of the AHP analyses indicated
which projects should be funded and even yielded specifications about the pri-
orities within those selected projects (Kwak and Lee, 2002; Lee and Kwak, 1999).
In an additional study, the AHP informed hospital management on the extent to
which their goals had been achieved (Kwak and Lee, 2002).
The use of the AHP for perception-based decisionmaking in health care has
expanded beyond healthsystem projects to give insights into patients’ and health-
care professionals’ perceptions of care (Ahsan and Bartlema, 2004; Chang, 2006;
Longo and Masella, 2002). The method of utilizing the AHP to quantify the
perceptions of those working within and utilizing health systems has been used
widely in health care decisionmaking in developing countries (Ahsan and Bartlema,
2004; Brent et al., 2007; Kahen and Sayers, 1997; Liberatore and Nydick, 2008).
In one application within South Africa and Lesotho, AHP was used to aid in the
sustainable development and optimization of health care waste management
systems in rural areas (Brent et al., 2007). Individualized feedback from two in-
country workshops with participants including stakeholders, facilitators, and
environmental engineering experts, was used to create the AHP decision matrix
and lead to projects that considered the perceptions of a variety of stakeholder
and expert groups (Brent et al., 2007). AHP is well suited for decisionmaking in
health care as it considers group decision making and can be used extensively
7and in an on-going fashion (Liberatore and Nydick, 2008). The increased inter-
est in and success of AHP as an evaluation tool for health care systems show
its applicability for sustainable, geographically-focused evaluation in the field
(Liberatore and Nydick, 2008).
2 Data
The Sustainable Development Goals target of interest in this paper, SDG 3.C, is a
tier 1 indicator by the standards of the SDG Indicators Global Database (United
Nations, 2019). The Kenyan country-level data for this target lacks any sub-
national information and only provides one metric - health worker density by
occupation (United Nations, 2019). This dataset has no inclusion of the "distri-
bution" element of the "health workforce density and distribution" indicator or
the health financing element of the target (UN General Assembly, 2015; United
Nations, 2019). The evaluations of goal 3.C progress in this paper goes beyond
the UN SDG Global Database, as many other works on SDG progress have, to
provide additional context for country-level evaluation (Hering, 2017; Hobbs et
al., 2017; Pradhan et al., 2017).
In order to address the limitations noted within currently available data on
SDG target 3.C, four data indicators have been identified for use in this analysis.
Three of these quantitative factors are derived from the SDG target 3.C’s indi-
cator, "Health worker density and distribution". One factor, healthcare workers
per county, describes the overall density of health professionals throughout the
47 Kenyan counties. A second factor, health facilities per county, brings further
context for the distribution of healthcare workers, as these facilities are where
most Kenyans interact with professional health providers (Nguhiu, Barasa, and
Chuma, 2017). One additional factor, travel time to health facilities, quantifies
the accessibility of these health workers. Travel time to health facilities is also
included because of its strong correlation with worse health outcomes (Kelly
et al., 2016; Syed, Gerber, and Sharp, 2013). A fourth factor is not stated in the
indicator, but is directly mentioned in the overall target. Government health
spending per capita quantifies where target 3.C states, "Substantially increase
health financing". (UNGeneral Assembly, 2015). A referencemap for all Kenyan
counties can be found in Figure 1. In addition to these quantitative measures of
8FIGURE 1: Map of Kenya showing its 47 counties. Bomet [0], Kisii
[1], Narok [2], Homa Bay [3], Migori [4], Nakuru [5], Kajiado [6],
Kericho [7], Kisumu [8], Nyamira [9], Siaya [10], Busia [11], Vihiga
[12], Machakos [13], Makueni [14], Nairobi [15], Baringo [16], Bun-
goma [17], Elegeyo Marakwet [18], Embu [19], Garissa [20], Isiolo
[21], Kakamega [22], Kiambu [23], Kilifi [24], Kirinyaga [25], Kitui
[26], Kwale [27], Laikipia [28], Lamu [29], Mandera [30], Marsabit
[31], Meru [32], Mombasa [33], Nandi [34], Nyandarua [35], Ny-
eri [36], Samburu [37], Taita Taveta [38], Tana River [39], Tharaka-
Nithi [40], Trans Nzoia [41], Turkana [42], Uasin Gishu [43], Wajir
[44], West Pokot [45], Muranga [46]
9SDG target 3.C, a focus on in-country and international perspectives of Kenyan
healthcare is incorporated to consider how Kenyans and Americans may prior-
itize the four data indictors related to goal progress.
2.1 Primary Data
Primary data was collected from two surveys, following convenience and snow-
ball sampling strategies based on the location and networks of survey distribu-
tors. This data is relied on to capture the differences in the perceptions of Kenyan
andAmerican populations. Example surveys distributed to Kenyan participants
can be seen in Figure 2 and American surveys can be seen in Figure 3 and Figure
4.
FIGURE 2: An example of a survey offered to Kenyan participants
in English.
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FIGURE 3: An example of a survey offered to American partici-
pants (1/2).
11
FIGURE 4: An example of a survey offered to American partici-
pants (2/2).
Kenyan Survey
A paper survey was used to quantify Kenyan perspectives on the four SDG-
generated factors. The surveywas distributed throughout Narok county, Kenya,
as a convenience sample for the surveyors stationed at an Ewaso Ngiro health
center run by Community Health Partners Kenya. Additionally, snowball sam-
pling was used as surveyors relied on Kenyan social nets to identify partici-
pants. All survey participants were prompted with both an English and Swahili
version of the same survey. Only one participant opted for the Swahili language
copy, with 53 other respondents using English copies. The survey required all
participants to respond to each questions in order to be included in the final
12
analysis1. Community Health Partners clinics (where surveyors did not dis-
tributed surveys to the patients, only employees) and the city center of Narok
were the most common locations of survey distribution.
American Survey
An electronic surveywas distributed through snowball and convenience sam-
pling through researcher’s networks betweenNovember 2018 and February 2019.
Those participating in the electronic survey had to be based in America and
identify as a public health professional or as an international development pro-
fessional. All participants who defined themselves as public health profession-
als (11 participants) were given one version of the survey and all participants
who defined themselves as international development professionals (4 partici-
pants) were given a separate version with varied ordering for multiple choice
responses. Neither survey variation had any questions removed or added. All
of those responding were given the survey link in person or over email and
were able to choose if they fell within the public health professional population,
international development professional population, or neither (in which case
there would be no response). The online survey required that all questions be
answered, as well as a document of informed consent signed and dated, in order
for a response to be used in the final analysis2.
The American survey paralleled the Kenyan survey in its design. Similarly
to the Kenyan survey, the U.S. survey provided respondents with an explana-
tion of the research and survey responses’ intended use. Following, the sur-
vey prompted respondents with questions related to age, gender, and years of
schooling.
The survey instructed the American respondents to “put themselves in the
shoes of an educated Kenyan citizen” and then prompted them with the same
factor-based questions that were given to the Kenyan respondents. The survey
1This survey also included an informed consent form detailing the purpose of the research,
procedure to be followed, discomfort and risks, potential benefits, statement of confidentiality,
voluntary participation statement, incentive for participation, and options for termination of
participation. The informed consent form required a signature and date from the participant
and a witness in order to be part of the final dataset. The survey and its accompanying in-
formed consent were approved by the Protection of Human Subjects Committee at the College
of William Mary.
2The survey and its accompanying informed consent were approved by the Protection of
Human Subjects Committee at the College of William Mary.
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was purposefully constructed to mimic the Kenyan survey in an effort to most
accurately view the differing opinions of the two populations.
2.2 Secondary Data
For each of the four identified factors from the SDG target and indicator, the sur-
vey respondents contributed their perspectives through pairwise comparisons.
Each of those four factors were measured using secondary data sources. The
analysis associated with producing final datasets to describe these factors are
detailed in this section. The resulting normalized and ranked values for each
counties can be found in Appendix A.
The open source data and associated sources of publication used within each
final factor dataset are detailed in Table 1. Most Kenyan information used in this
analysis was published by its own government. Additional data was collected
from the European Space Agency and GeoQuery (Goodman et al., 2019).
TABLE 1: Secondary Data Sources
Theme Dataset Name Source
Travel Time to Health Facilities
CCI Land Cover European Space Agency, 2015
Global Roads Open Access Data Set CIESIN - Columbia University, 2013
Kenya Master Health Facility List Ministry of Health, Republic of Kenya, 2019
Kenyan Counties Shapefile Central Bureau of Statistics, 2018
Number of Health Workers
Human Sector Human Resource Strategy Ministry of Health, Republic of Kenya et al., 2015
Nighttime Lights AidData, 2018
Kenya Master Health Facility List Ministry of Health, Republic of Kenya, 2019
Number of Health Facilities Kenya Master Health Facility List Ministry of Health, Republic of Kenya, 2019
Nighttime Lights AidData, 2018
Government Health Funding National and County Health Budget Analysis Ministry of Health, Republic of Kenya, 2017
Travel Time to Health Facilities
A metric for average travel time to health facilities in each Kenyan county
was developed following methodologies set forth by The European Commis-
sion’s Joint Research Centre for the calculation of travel time to major cities (EU
Science Hub, 2019). In this application, the major city locations were adapted to
each of the 9,404 Kenyan health facilities with available latitude and longitude
points. One additional facility was not included in the analysis because of its
location on Usingo Island.
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Global land cover data at a 300m resolution from the European Space Agency
was used in conjunction with road data from the Global Roads Open Access
Data Set (gROADS) for the analysis (European Space Agency, 2015; CIESIN -
Columbia University, 2013). First, the road layer was rasterized at a resolution of
approximately 300 meters with an eight bit pixel depth at the extent of Kenya’s
boundaries. Only one speed, approximated at 55 km/hour, was used for all
road values because of a lack of information on speed limit or true travel speeds
along Kenyan roads. Then, a land cover dataset at 300m resolution from the
European Space Agency was rasterized at the same extent. Within this raster,
each land cover type was equated with a speed in kilometers/minute according
to approximate travel time through each land type. The correlation between
landcover and speed can be found in Appendix B. Following the rasterization
of both the land cover and roads data, the rasters were combined, prioritizing
the road speeds. Every cell not containing a road was given the speed value
based on land cover.
FIGURE 5: On the left, normalized values are shown with greater
values indicating greater average travel time to health facilities in
red. On the right, ranked values are shown with rank closer to 1
indicating greater average travel time in red
The combined raster was then transformed into a transition layer to enable a
cost distance analysis between any two points in Kenya. This transition layer al-
lows for traversal in any of the eight directions to a neighboring cell. A cost dis-
tance function utilizing Dijkstra’s traversal algorithm used that transition layer
to find the shortest possible path between any two points. The cell weights
15
FIGURE 6: Nakuru drive from centroid to randomly selected health
facility, generated by the OSRM
generated in the combined raster were used in this cost-distance algorithm, be-
ginning at the centroid of each county as a source location and considering all
unvisited neighboring cells (Cormen et al., 2009). Each cell was tested to see
which path would result in the shortest distance, and the most efficient was
selected (Cormen et al., 2009). After testing all possible paths, the algorithm re-
turned the length of the total path found to be the most efficient (Cormen et al.,
2009). The shortest travel times were then calculated between each centroid and
all of the health facilities within the same county. The average of all travel times
generated was then used as the final value to represent that county’s average
travel time to a health facility. The resulting normalized averages can be seen in
Figure 5, along with the ranked values. Within the rankings, the shortest aver-
age travel time ranks 47th out of 47 counties and the longest average travel time
ranks 1st. In these and all following Kenyan maps, the numbers on the x and y
axes are longitude and latitude, respectively.
The model was validated based on a sample of twenty randomly selected
health facilities in each county. The average travel time and associated paths
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were compared to routes generated from the Open Source Routing Machine
(Open Source Routing Machine, 2019). The shortest travel time found from
the calculated cost distance averages and from the OSRM platform were com-
pared. The OSRMwas selected for figure visualization because of its status as an
open-source free network service utilizing OpenStreetMap technology to gener-
ate travel times by road between any geographic locations. For four of the se-
lected health facilities, the travel time was not available through the OSRM. The
specific locations of these health facilities (found within the counties of Baringo,
Garissa, Isiolo, and Kilifi) were very rural, having a substantial distance of at
least 10 kilometers to any detected roads. Within the other 16 tested paths, there
were a few county points that did not follow the trend that was seen among
the OSRM travel times. In one case, in Kakamega, there was notable distance
between the health facility location and any roads, which was negated within
the OSRM travel time. This space accounts for the added travel time seen with
the generated cost distance. In the one instance where the cost distance seemed
to drastically underestimate the travel time, within the county of Nakuru, the
OSRM visualization, seen in Figure 6, shows that the fastest travel time by road
is 93.9 kilometers by a drastically less direct path. In this case, the cost distance
analysis took a shorter path not using the established roadways that restrict pro-
grams like OSRM in order to calculate the least travel time possible. This valida-
tion method demonstrated that the average travel time to health facility metric
considers both the distance traveled to initially access roads and possible paths
outside of roadways that result in shorter travel time.
Number of Health Workers
The number of health workers per county metric was developed using data
from the Health Sector Human Resource Strategy published by Republic of
Kenya’s Ministry of Health. This report, published in December of 2014 was
intended to provide a health resources strategy for the nation from 2014-2018
(Ministry of Health, Republic of Kenya et al., 2015). A table from the report titled
“Medical personnel by region and ownership”was digitized in order to quantify
the overall number of health workers within each region. Both health workers
employed through the government of Kenya and those employed through faith-
based organizations (FBO) or non-governmental organizations (NGO) were in-
cluded in the overall count.
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FIGURE 7: On the left, normalized values are shown with smaller
values indicating fewer average health workers per person in red.
On the right, ranked values are shown with rank closer to 1 indi-
cating fewer health workers per person in red
Each of the 47 counties within Kenya falls into one of eight regions displayed
in the table (Nairobi, Eastern, Rift Valley, Nyanza, Western, Coast, North East-
ern, and Central). The health workforce data published by the Kenyan Ministry
of Health is not available at the county level, so it was adapted to the more gran-
ular level in order to correspond with the rest of the analysis. Nighttime lights
data and the count of health facilities from the Kenyan Master Health Facility
List were used to represent the population density and health worker density
within each county (Goodman et al., 2019). The percentage of overall nighttime
lights and health facilities seen in each county within a province was averaged
to simulate what percentage of health workers in a province would be in each
county. The resulting county-level health worker data was used for the final
analysis and can be seen, both normalized and ranked, in Figure 7. Rankings
closer to 1 indicate fewer health workers per person in the county.
Number of Health Facilities
The data on the number of health facilities per county in Kenya was pro-
vided by the Kenya Master Health Facility List published by the Ministry of
Health of the Republic of Kenya. This data is updated monthly and was pulled
in March of 2018 for this analysis. The number of health facilities per county
is available on the public website as each documented health facility is tagged
with the county where it resides. In order to account for variances in population
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FIGURE 8: On the left, normalized values are shown with smaller
values indicating fewer average health facilities per person in red.
On the right, ranked values are shown with rank closer to 1 indi-
cating fewer health facilities per person in red
density, the raw count of health facilities was divided by the sum of nighttime
lights in each county. The final adjusted health facilities per county metric is
visualized in Figure 8, with the data both normalized and ranked, with lower
number rankings (closer to 1st) indicating a smaller adjusted count of facilities
in the county.
FIGURE 9: On the left, normalized values are shown with smaller
values indicating less government health funding per capita in red.
On the right, ranked values are shown with rank closer to 1 indi-
cating less government health funding per capita in red
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Government Health Funding
The government health funding for each county in Kenya was collected from
the National and County Health Budget Analysis for the 2015/16 fiscal year
presented by the Ministry of Health of the Republic of Kenya. The data was
used as the report provided it, on the county level, detailing the per capita health
budget allocation inmillions of Kenyan shillings. Figure 9 shows the normalized
government health funding per capita and ranked values for each county, where
those closer to ranking 1st have less health funding per capita.
2.3 Methods
Analytical Hierarchy Process
The analytical hierarchy process (AHP) is a semi-qualitative, multi-objective,
multi-criteria decision making (MCDM) process. In the AHP, matrix-based pair-
wise comparisons are used to contrast the level of importance among factors -
i.e., individual practitioners are asked to contrast two factors at a time until all
comparisons are made, and then these contrasts are used to quantify implicit
preferences. In this application, the factors considered are: average travel time
to health facilities, number of health workers, number of health facilities, and
government health funding. The classic AHP allows decisionmakers to use a
scale for their preference between factors (often 1-9). For simplicity within the
multi-national surveys used in this process, the decisionmakers (survey respon-
dents) simply completed a pairwise comparison between each factor indicating
which they felt was more important. This decisionmaker comparison was done
in the Kenyan and U.S. surveys.
With the responses, the AHP interprets how the respondent weights the im-
portance of each factor relative to the others in regard to the survey questioning
on healthcare accessibility. The pairwise comparison matrices that are used in
the AHP were structured with each factor placed against the others. The re-
sponse from each participant within both the Kenyan and American surveys
therefore contributes its own pairwise comparison matrix to the overall AHP.
20
TABLE 2: Relationship of Survey Responses to Dataset Values
Survey Response Option Dataset
How long it will take you to get to a health facility Travel Time to Health Facilities
How many health workers a health facility has Number of Health Workers
How many health facilities you have access to Number of Health Facilities
The quality of a government health center including facilities, Government Health Funding
medicine availability, and number of beds per capita
Decision weights were calculated for each respondent based on their implicit
preferences indicated in survey responses. As shown in Table 2, the responses
of individuals in the surveys directly correlated to a dataset factor with related
values for each county. In order to determine the decision weights, the com-
parison matrix is normalized and the mean of each row is determined. As the
weights have been normalized, their sum is equal to 1. These individual weights
were then put into two dataframes: one representing U.S. and one representing
Kenyan responses, with one column representing the weights for each of the
four factors. Descriptors of age, gender, years of schooling, and employment
were also included for each respondent. Both dataframes can be found in Ap-
pendix C.
These final dataframes were used to calculate average weights for both pop-
ulations. Final results for each survey group use the overall average found for
each factor. The dataframes also allowed for further average weighting analysis
based on additional qualities from the survey (e.g. gender, schooling, etc.).
21
3 Results and Discussion
TABLE 3: Kenyan Survey Population, June 2018 (N = 54)
Mean or
Number of Respondents Range
Age 30.37 18 - 54
Years of Schooling 14.79 3 - 20
Gender
Female 20
Male 34
Health Care Worker Status
Health Care Workers 23
Not Health Care Workers 31
Kenyan AHP Results
As indicated in Table 3, the Kenyan survey population consisted of 19 fe-
male respondents and 34 male respondents and 23 healthcare workers and 31
non-healthcare workers. The average age of participants was 30.37 and the
mean years of schooling was 14.79. As compared to the overall ratio of men to
women, with 63% men and 37% women, a slightly larger proportion of health-
care workers were male (69%) and slightly larger proportion of non-healthcare
workers were women (41%). The average years of schooling was marginally
higher among healthcare workers (15.5 years) than among non-healthcare work-
ers (14.2 years), and slightly higher in women (15.4 years) than men (14.5 years).
TABLE 4: Weights Based on Kenyan Survey Responses
Factor Weight
The quality of government health centers... 0.307
How long it will take to get to a health facility 0.253
How many health workers a facility has 0.225
How many health facilities you have access to 0.215
Each of the AHP-generated normalized weights for the four factors are listed
in Table 4.
Figure 10 shows the distributions of the overall Kenyan responses for each
factor. There is a distinctly a bi-modal response for the opinions about the travel
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FIGURE 10: Distribution of overall Kenyan survey response opin-
ions
time to health facilities. The number of health facilities factor shows three dis-
tinct modes, with the largest group of respondents agreeing to a weight of ap-
proximately 0.20. The factor concerning government health funding and the
resulting quality of facilities had a bi-modal response with heavier agreement
toward more weight for the factor. Lastly, the number of health workers factor
had a generally spread response, with less responses on the upper end of the
weights.
As shown in Figure 11, a divide was observed in the opinion of men con-
cerning travel time to health facilities, while women tended to agree more. Con-
versely, within the number of health workers factor, women were more polar-
ized in their opinions than men (Figure 12). The government health spending
factor saw more agreement among all groups - men and women, healthcare
workers and non-healthcare workers, and those under 30 and over 30 - than
any other factor (Figure 13).
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FIGURE 11: Distribution of responses for men and women for the
factor "How long it will take you to get to a health facility"
FIGURE 12: Distribution of responses for men and women for the
factor "How many health workers a health facility has"
American and Kenyan Results Comparisons
Figure 14 overlays the Kenyan results (in green) with the results of the U.S.
survey (in blue). The number of respondents is too small to make sweeping
statements on the comparison of American and Kenyan opinions, but the results
indicate that there is much more agreement among the U.S. population than
among Kenyans.
Within the travel time to facilities factor, there was only one American re-
spondent that did not agree with the weighting based on the other responses.
24
FIGURE 13: Distribution of survey response opinions based on the
importance of government health spending per capita. Distribu-
tions show results by age, gender, and health worker status
This point is furthered as all U.S. participants agreed concerning the govern-
ment health funding factor. The number of health facilities and number of health
workers factors were more split, but still saw more general agreement when
compared to the Kenyan population.
The overall average factor weights based on the Kenyan and U.S. popula-
tion survey responses were used to quantify potential priority of each Kenyan
county. In order to establish an overall county ranking of healthcare accessibil-
ity priority based on the opinions of the survey population, the normalized data
for each factor was used (visualized in Figures 5, 7, 8, 9). Each normalized factor
value was multiplied by the associated weighting for each population in order
to get a value representing the priority of each county. These priority measures
were then ranked, as shown in Figure 15, with the highest priority counties in
red and the lowest priority in green.
Figure 15 shows a similar trend in the ranking of counties based on the opin-
ions of Kenyan and American respondents. The eastern counties largely see
a higher ranked priority (closer to 47), with the central-western section of the
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FIGURE 14: Distribution of overall Kenyan and American survey
response opinions
country containing a mass of low-priority counties (closer to rank 1). Some cen-
tral counties, including Nyeri, Kiriyanga, Kiambu, and Nairobi, are also lower
ranked based on each population’s weightings.
Figure 16 shows the rank differences for each Kenyan county. With these
rankings, positive values indicate that Kenyans would prioritize a county more
than Americans, and negative values indicate that U.S. respondents would pri-
oritize the county more highly than Kenyans. Kenyans are seen to have higher
rankings for counties in the West and through some of central Kenya. Many of
these counties are generally lower priority (closer to rank 47) in both the Kenyan
and American weightings (Figure 15). Some of the largest differences in rank-
ing are seen in Isiolo, Taita-Taveta, and Lamu, where the American participant
weightings resulted in higher priority than Kenyan weightings.
Overall, higher levels of need are defined by greater average travel time to
health facilities (Figure 5), fewer health workers per person (Figure 7), fewer
health facilities per person (Figure 8), and less government health funding per
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FIGURE 15: The ranking for each county based on the Kenyan
(left) and American (right) weightings. Lower numeric rank, rep-
resented in red, indicates greater need.
FIGURE 16: The difference in rank for each county. A higher
Kenyan rank is indicated in red (positive values) and a higher U.S.
rank is in blue (negative values).
capita (Figure 9). The highest need/priority counties in theWest were estimated
to have the same or very similar rankings based on the opinions of both the U.S.
and Kenyan populations. When comparing the two sets of county rankings,
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Kenyans generally prioritized counties with some of the least overall need ac-
cording to the dataset factors (in the East) more than Americans, while Ameri-
cans prioritized counties with neither particularly high or low levels of need (in
central Kenya) more than Kenyans.
3.1 Distussion and Conclusion
The results of this analysis demonstrate that there are varying opinions between
communities about what SDG 3.C factors are most important to Kenyan health-
care. These differences would have real impacts if theywere considered as a part
of any prioritization of resources. When considering the travel time to health fa-
cilities, number of health facilities per person, and number of health workers per
person on a county level, the counties that are lacking in resources (indicated by
large travel times and small numbers of facilities and workers) are seen most
often in western Kenya. Government health funding appears to be lacking in a
different region, though. Some of the wealthiest Kenyan counties are seen with
the lowest government health funding. These counties include Nakuru (the 6th
lowest funded county), which contributed second most to Kenyan gross domes-
tic product (GDP) at 6.1% in 2017 (Kenya National Bureau of Statistics, 2019).
Nairobi, the county with the largest GDP by far (contributing 21.7% in 2017) is
ranked 16th out of the 47 counties for the lowest total government health fund-
ing per capita (Kenya National Bureau of Statistics, 2019).
Many eastern and central counties have a lack of government health fund-
ing, likely because of some top revenue-consuming factors including prevalence
of HIV, reproductive healthcare, and malaria (Ministry of Health, Republic of
Kenya et al., 2015). These factors alone consumed 41.4% of the 2012/2013 gov-
ernment expenditures on healthcare, while communicable, vaccine-preventable,
and respiratory diseases were addressed with just 6% of the funds (Ministry
of Health, Republic of Kenya et al., 2015). These funding priorities indicate
that health funding largely focuses on those less wealthy and less healthcare-
accessible counties that are battling communicable diseases, while wealthier
groups, who are the first to show risk factors for non-communicable diseases
in emerging economies, are not prioritized (World Health Organization, 2017).
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This variation in the government health funding factor as compared to the
other three factors may bring about many of the differences in the later analysis
because it indicates a higher need for prioritization among those wealthier east-
ern and central counties. This factor is cited specifically in SDG target 3.C as it
urges to "increase health financing" (UN General Assembly, 2015).
The contribution of the ’government health funding per capita’ factor played
a large role in this study, as this factor was of the greatest priority for Kenyan re-
spondents (Table 4). The regions of greatest need for this factor, with the lowest
funding per capita, are seen in the more western and central counties in Fig-
ure 9. More than any other factor, government health funding saw agreement
among all Kenyan populations regardless of age, gender, or whether or not they
identified as healthcare workers. This factor also had the highest Kenyan pri-
ority weighing as calculated through the Analytical Hierarachy Process. The
consistently high importance of health funding indicated by the Kenyan sur-
veys shows that Kenyans often consider highly how well funded a facility is
when deciding whether or not to access healthcare. This factor has been di-
rectly linked to the overall quality of health facilities, medication availability,
and services offered, among other qualities in many African nations (Ogbu and
Gallagher, 1992). These indicators of quality care were how the government
health funding factor was described on the surveys distributed to both popula-
tions (see Table 2,) and Kenyans consistently said that quality, well-maintained
facilities are a high priority.
These results indicate that this Kenyan population places a high value on
the results of financing like facility quality and medication availability. This
priority is greater than that of any other factor (such as the presence of staff).
The American sample was overall more cohesive in response, but did not have
the same high priority for funding. This difference may indicate an American
perception of limited access to basic services including a facility or healthcare
worker for Kenyans. On the other hand, Kenyans themselves feel more strongly
about the quality of facilities and care that they can receive that may be limited
due to financial constraints.
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Less consensus among the Kenyan population when compared to U.S. re-
spondents also indicates that Kenyans have a variety of healthcare access con-
cerns that may differ from person to person. This observation can help to sup-
port an argument for the assessment of smaller communities that share the same
healthcare barriers in order to garner more homogeneous responses. Imple-
menting these survey practices on communities with the same health resources
could lead to a more accurate gauge of what factors impact their likelihood of
accessing health services.
Despite these distinctions in preferences, when the measurements of services
are considered, both Kenyan and U.S. individuals tended to agree on the final
prioritization of where resources should be allocated at the county level (as seen
in Figure 15). This indicates that some regions are simply at higher levels of
need irrespective of perceptions or preferences, providing a strong roadmap for
future priorities. For example, even varying perceptions did not alter the general
trend of northeastern counties lacking many basic health resources and needing
healthcare prioritization.
This analysis sought answer the question: ’How can both data-driven mea-
surement strategies and local perspectives be integrated to evaluate sub-national
progress of the Sustainable Development Goals?’. There were two key find-
ings. First, the differing Kenyan and U.S. perceptions of factors from SDG target
3.C. Second, even with these differing perceptions, overall priority and result-
ing funding allocations would go to similar places based on the perceptions of
both populations. It is argued that this provides evidence that the AHP can be
used to integrate varying perceptions into the quantification of SDG progress.
Additionally, these findings indicate that there are still health inequities within
Kenya. The sub-national variations observed in this analysis support the ar-
gument that the Sustainable Development Goals should have both evaluations
and resulting implementations conducted on the sub-national level to address
varying health needs of communities within the same nation.
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Appendix A
Dataframe of All Normalized and
Ranked Secondary Data by County
County Dist Norm Dist Rank Fac Norm Fac Rank
0 Bomet 0.043976 34.0 0.499513 33.0
1 Kisii 0.065225 29.0 0.610764 39.0
2 Narok 0.085735 25.0 0.078002 11.0
3 Homa Bay 0.082533 26.0 0.739183 42.0
4 Migori 0.131683 17.0 0.684287 41.0
5 Nakuru 0.017923 43.0 0.187709 18.0
6 Kajiado 0.335859 6.0 0.122014 13.0
7 Kericho 0.029995 40.0 0.541719 36.0
8 Kisumu 0.071138 28.0 0.282339 23.0
9 Nyamira 0.038310 36.0 0.885298 45.0
10 Siaya 0.118441 20.0 0.773522 43.0
11 Busia 0.198448 13.0 0.531984 35.0
12 Vihiga 0.094420 22.0 1.000000 47.0
13 Machakos 0.091771 24.0 0.207585 20.0
14 Makueni 0.091833 23.0 0.344031 27.0
15 Nairobi 0.005051 46.0 0.145746 16.0
16 Baringo 0.022050 41.0 0.292705 24.0
17 Bungoma 0.119796 18.0 0.646419 40.0
18 ElegeyoMarakwet 0.035600 37.0 0.493246 32.0
19 Embu 0.043360 35.0 0.402529 28.0
20 Garissa 0.232939 10.0 0.020598 6.0
Appendix A. Dataframe of All Normalized and Ranked Secondary Data by
County
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21 Isiolo 0.076681 27.0 0.010160 3.0
22 Kakamega 0.160877 14.0 0.847604 44.0
23 Kiambu 0.000000 47.0 0.327269 26.0
24 Kilifi 0.260655 8.0 0.205260 19.0
25 Kirinyaga 0.021680 42.0 0.947669 46.0
26 Kitui 0.143878 16.0 0.139135 14.0
27 Kwale 0.380759 4.0 0.139152 15.0
28 Laikipia 0.570522 2.0 0.110472 12.0
29 Lamu 0.288926 7.0 0.000000 1.0
30 Mandera 1.000000 1.0 0.071894 10.0
31 Marsabit 0.095282 21.0 0.012451 4.0
32 Meru 0.060976 32.0 0.426339 30.0
33 Mombasa 0.343434 5.0 0.239156 22.0
34 Nandi 0.032890 39.0 0.597037 38.0
35 Nyandarua 0.034799 38.0 0.312969 25.0
36 Nyeri 0.012380 44.0 0.560032 37.0
37 Samburu 0.063747 30.0 0.053906 9.0
38 Taita Taveta 0.218527 11.0 0.047335 8.0
39 Tana River 0.201281 12.0 0.004460 2.0
40 Tharaka-Nithi 0.061284 31.0 0.414838 29.0
41 Trans Nzoia 0.118625 19.0 0.505002 34.0
42 Turkana 0.153609 15.0 0.042452 7.0
43 Uasin Gishu 0.058574 33.0 0.226559 21.0
44 Wajir 0.497598 3.0 0.012666 5.0
45 West Pokot 0.233986 9.0 0.163311 17.0
46 Muranga 0.009731 45.0 0.447544 31.0
TABLE A.1: The dataframe for normalized and ranked data of sec-
ondary data factors. ’Dist Norm’ and ’Dist Rank’ contain the val-
ues for the travel time to health facilities factor. ’Fac Norm’ and
’Fac Rank’ contain the values for the number of health facilities per
person factor.
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County Gov Norm Gov Rank Work Norm Work Rank
0 Bomet 0.090371 5.0 0.025059 6.0
1 Kisii 0.298548 25.0 0.093049 25.0
2 Narok 0.233728 14.0 0.114856 29.0
3 Homa Bay 0.185584 10.0 0.147334 35.0
4 Migori 0.175363 9.0 0.129264 34.0
5 Nakuru 0.360678 31.0 0.191950 40.0
6 Kajiado 0.115654 7.0 0.180325 39.0
7 Kericho 0.391070 35.0 0.051369 13.0
8 Kisumu 0.467187 39.0 0.205897 41.0
9 Nyamira 0.381657 34.0 0.049228 12.0
10 Siaya 0.298817 26.0 0.104358 26.0
11 Busia 0.291286 24.0 0.153975 37.0
12 Vihiga 0.204142 11.0 0.079793 22.0
13 Machakos 0.280258 22.0 0.087116 24.0
14 Makueni 0.348575 30.0 0.075824 20.0
15 Nairobi 0.366057 32.0 1.000000 47.0
16 Baringo 0.424691 37.0 0.078927 21.0
17 Bungoma 0.260624 19.0 0.276908 44.0
18 ElegeyoMarakwet 0.477407 40.0 0.014760 4.0
19 Embu 0.431684 38.0 0.022011 5.0
20 Garissa 0.392953 36.0 0.032459 9.0
21 Isiolo 0.883808 46.0 0.065562 17.0
22 Kakamega 0.240183 16.0 0.298498 45.0
23 Kiambu 0.367940 33.0 0.372019 46.0
24 Kilifi 0.282141 23.0 0.125968 32.0
25 Kirinyaga 0.073158 3.0 0.110286 28.0
26 Kitui 0.250134 18.0 0.149097 36.0
27 Kwale 0.316568 28.0 0.059387 16.0
28 Laikipia 0.000000 1.0 0.052386 14.0
29 Lamu 1.000000 47.0 0.000000 1.0
30 Mandera 0.246369 17.0 0.004745 2.0
31 Marsabit 0.261969 20.0 0.123519 30.0
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32 Meru 0.113502 6.0 0.109522 27.0
33 Mombasa 0.269500 21.0 0.125862 31.0
34 Nandi 0.233997 15.0 0.052639 15.0
35 Nyandarua 0.081226 4.0 0.086325 23.0
36 Nyeri 0.589026 44.0 0.209487 42.0
37 Samburu 0.507531 43.0 0.074808 19.0
38 Taita Taveta 0.720549 45.0 0.073196 18.0
39 Tana River 0.009952 2.0 0.127086 33.0
40 Tharaka-Nithi 0.500269 42.0 0.010714 3.0
41 Trans Nzoia 0.217859 13.0 0.027955 8.0
42 Turkana 0.493007 41.0 0.236469 43.0
43 Uasin Gishu 0.170522 8.0 0.042296 11.0
44 Wajir 0.316030 27.0 0.027031 7.0
45 West Pokot 0.328402 29.0 0.042031 10.0
46 Muranga 0.216783 12.0 0.161781 38.0
TABLE A.2: The dataframe for normalized and ranked data of sec-
ondary data factors. ’Gov Norm’ and ’Gov Rank’ contain the val-
ues for the government health funding per capita factor. ’Work
Norm’ and ’Work Rank’ contain the values for the number of health
workers per person factor.
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Appendix B
Land Cover Travel Speed Table
TABLE B.1: Relationship of Landcover to Travel Speed, (EU Science
Hub, 2019)
Land Cover Type Travel Speed
Tree Cover, broadleaved, evergreen 60 km/hour
Tree Cover, broadleaved, deciduous, closed 60 km/hour
Tree Cover, broadleaved, deciduous, open 48 km/hour
Tree Cover, needle-leaved, evergreen 36 km/hour
Tree Cover, needle-leaved, deciduous 36 km/hour
Tree Cover, mixed leaf type 36 km/hour
Tree Cover, regularly flooded, fresh water 60 km/hour
Tree Cover, regularly flooded, saline water 60 min/km
Mosaic: Tree Cover / Other natural vegetation 48 km/hour
Tree Cover, burnt 48 km/hour
Shrub Cover, closed-open, evergreen 36 km/hour
Shrub Cover, closed-open, deciduous 36 km/hour
Herbaceous Cover, closed-open 36 km/hour
Sparse herbaceous or sparse shrub cover 24 km/hour
Regularly flooded shrub and/or herbaceous 60 km/hour
Cultivated and managed areas 36 km/hour
Mosaic: Cropland / Tree Cover / Other natural veg 36 km/hour
Mosaic: Cropland / Shrub and/or grass cover 36 km/hour
Bare Areas 24 km/hour
Snow and Ice 48 km/hour
Artificial surfaces and associated areas 2 km/hour
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Appendix C
Survey Participant Dataframes
Factor Responses Encoding
Male 0
Gender Female 1
Prefer Not to Say 2
No 0
Healthcare Yes 1
TABLE C.1: The encodings for ’Gender’ and ’Healthcare’ columns
of the survey participant dataframes. ’Healthcare’ refers to how
the participant answered the question ’Do youwork in healthcare?’
on the Kenyan survey. On the domestic survey, ’Healthcare’ is indi-
cated as yes for public health professionals and no for international
development professionals.
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Age Distance Facilities Gender Government Healthcare Schooling Workers
0 32 0.1316 0.2105 0 0.2895 0 8 0.3684
1 26 0.2895 0.2895 1 0.2105 0 16 0.2105
2 40 0.1316 0.2895 0 0.3684 1 3 0.2105
3 28 0.2895 0.2105 0 0.2895 1 15 0.2105
4 23 0.2895 0.2105 1 0.3684 1 16 0.1316
5 32 0.2105 0.2895 1 0.2105 1 15 0.2895
6 27 0.2105 0.2105 0 0.3684 1 15 0.2105
7 26 0.2105 0.2895 0 0.2105 1 14 0.2895
8 21 0.2105 0.2895 1 0.3684 1 16 0.1316
9 26 0.2105 0.2895 0 0.3684 1 18 0.1316
10 40 0.1316 0.2105 0 0.3684 1 16 0.2895
11 32 0.2105 0.2105 0 0.2895 1 16 0.2895
12 30 0.2895 0.2105 0 0.2105 0 16 0.2895
13 54 0.1316 0.2895 0 0.2895 0 13 0.2895
14 29 0.2895 0.2105 1 0.3684 1 16 0.1316
15 26 0.2105 0.2895 0 0.2895 1 15 0.2105
16 33 0.2105 0.2105 1 0.2895 1 14 0.2895
17 36 0.2105 0.2105 0 0.2895 1 13 0.2895
18 38 0.3684 0.2105 1 0.2105 1 16 0.2105
19 30 0.2895 0.2895 0 0.2895 1 17 0.1316
20 25 0.2895 0.2105 0 0.2895 1 17 0.2105
21 28 0.2895 0.1316 0 0.3684 1 18 0.2105
22 27 0.2105 0.2895 0 0.2895 0 16 0.2105
23 26 0.2895 0.1316 0 0.3684 1 16 0.2105
24 26 0.2895 0.2105 1 0.2895 1 18 0.2105
25 27 0.3684 0.2105 0 0.1316 1 16 0.2895
26 48 0.2105 0.2105 0 0.2895 1 17 0.2895
27 35 0.1316 0.2105 0 0.3684 0 15 0.2895
28 37 0.2895 0.2105 0 0.3684 0 16 0.1316
29 37 0.3684 0.1316 0 0.2105 1 20 0.2895
30 21 0.3684 0.1316 1 0.2895 0 15 0.2105
31 27 0.2105 0.2105 1 0.2105 0 16 0.3684
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32 30 0.2105 0.1316 0 0.3684 0 12 0.2895
33 24 0.3684 0.2105 1 0.2895 0 15 0.1316
34 35 0.1316 0.2895 1 0.3684 0 12 0.2105
35 31 0.2105 0.2105 1 0.2895 0 8 0.2895
36 33 0.2105 0.1316 1 0.3684 0 16 0.2895
37 30 0.2895 0.1316 1 0.2895 0 19 0.2895
38 18 0.2105 0.2105 1 0.3684 0 15 0.2105
39 18 0.2895 0.2105 0 0.3684 0 15 0.1316
40 34 0.2105 0.1316 1 0.2895 0 19 0.3684
41 40 0.2105 0.2895 1 0.3684 0 null 0.1316
42 36 0.2895 0.1316 0 0.3684 0 16 0.2105
43 20 0.2895 0.2105 0 0.3684 0 12 0.1316
44 25 0.3684 0.2105 0 0.2895 0 13 0.1316
45 36 0.2105 0.2105 0 0.2105 0 12 0.3684
46 22 0.1316 0.2895 0 0.3684 0 14 0.2105
47 39 0.3684 0.2105 0 0.2895 0 12 0.1316
48 21 0.3684 0.2105 0 0.2895 0 16 0.1316
49 30 0.2895 0.2105 0 0.2895 0 16 0.2105
50 20 0.2895 0.1316 0 0.3684 0 12 0.2105
51 32 0.2895 0.2105 0 0.3684 0 12 0.1316
52 50 0.2895 0.2895 1 0.2105 0 14 0.2105
53 23 0.2895 0.1316 0 0.3684 0 16 0.2105
TABLE C.2: The dataframe for information from the Kenyan sur-
vey responses. ’Distance’ is the weight that participant gives to
the travel time to health facilities factor, ’Facilities; is the weight
that participant gives to the number of health facilities per per-
son factor, ’Government’ is the weight that participant gives to the
government health funding per capita factor, and ’Workers’ is the
weight that participant gives to the number of health workers per
person factor.
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Age Distance Facilities Gender Government Healthcare Schooling Workers
0 24 0.2941 0.2647 1 0.2353 1 17.0 0.2059
1 26 0.2941 0.2647 1 0.2353 1 19.0 0.2059
2 31 0.2941 0.1765 1 0.2353 1 18.5 0.2941
3 30 0.2941 0.2647 1 0.2353 1 16.0 0.2059
4 31 0.2941 0.2647 1 0.2353 1 17.0 0.2059
5 39 0.2941 0.2647 1 0.2353 1 24.0 0.2059
6 36 0.2941 0.2647 2 0.2353 1 24.0 0.2059
7 27 0.2941 0.2647 1 0.2353 1 20.0 0.2059
8 39 0.2941 0.2647 2 0.2353 1 18.0 0.2059
9 35 0.2941 0.2647 1 0.2353 1 18.0 0.2059
10 74 0.2941 0.1765 1 0.2353 1 19.0 0.2941
11 31 0.2059 0.3529 1 0.2353 0 18.0 0.2059
12 34 0.2941 0.1765 0 0.2353 0 18.0 0.2941
13 35 0.2941 0.1765 1 0.2353 0 19.0 0.2941
14 33 0.2941 0.2647 1 0.2353 0 18.0 0.2059
TABLE C.3: The dataframe for information from the domestic sur-
vey responses. ’Distance’ is the weight that participant gives to
the travel time to health facilities factor, ’Facilities; is the weight
that participant gives to the number of health facilities per per-
son factor, ’Government’ is the weight that participant gives to the
government health funding per capita factor, and ’Workers’ is the
weight that participant gives to the number of health workers per
person factor.
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